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A model reconstruction of the Antarctic sea ice thickness and volume changes over 1980-2008 using 
b s t r a c t
Sea ice variability in the Southern Ocean has a complex spatio-temporal structure. In a global warming context, the Antarctic sea ice cover has slightly expanded over the recent decades. This increase in sea ice extent results, however, from the sum of positive and negative regional trends and is influenced by a wide range of modes of climate variability. An additional view on sea ice thickness and volume changes would improve our understanding. Still, no large-scale multi-decadal well-sampled record of Antarctic sea ice thickness exists to date. To address this issue, we assimilate real sea ice concentration data into the ocean-sea ice model NEMO-LIM2 using an ensemble Kalman filter and demonstrate the positive impacts on the global sea ice cover. This paper reports the 1980-2008 evolution (monthly anomalies, trends plus their uncertainty ranges) of sea ice volume and thickness in different sectors of the Southern Ocean. We find that the global Antarctic sea ice volume has risen at a pace of 355 AE 338 km 3 /decade (5:6 AE 5:3%/decade) during this period, with an increase in the Ross and Weddell Seas (150 AE 124 and 209 AE 362 km 3 /decade, respectively) and a decrease in the Amundsen-Bellingshausen Seas (À45 AE 54 km 3 /decade). Sea ice volume anomalies co-vary well with extent anomalies, and exhibit yearly to decadal fluctuations. The results stress the need to analyze sea ice changes at the regional level first and then at the hemispheric level.
Ó 2013 Elsevier Ltd. All rights reserved.
Introduction
Satellite observations have revealed a slight increase in Antarctic sea ice extent over the recent decades (Comiso and Nishio, 2008; Parkinson and Cavalieri, 2012) . The full picture of the recent Antarctic sea ice variability should not, however, be reduced to this simple statistic. This positive trend averaged over the whole hemisphere results indeed from both positive and negative contributions operating at smaller spatial scales. Despite an apparently simple zonal symmetry in the seasonal development of the ice cover, the interannual variability of Antarctic sea ice concentration is indeed far from being annular (Liu et al., 2004; Lefebvre and Goosse, 2008; Comiso and Nishio, 2008; Turner et al., 2009; Stammerjohn et al., 2012) . A closer look at these contrasted regional responses of sea ice is therefore probably a first and necessary step to gain insight into the global counter-intuitive overall increase in Antarctic sea ice in a global warming context. Ice areal coverage is easily observed from space. However, it only derives from the more fundamental changes in the ice thickness distribution. Ice thickness provides a more complete description of the ongoing changes in the mass balance of the sea ice cover. Yet, monitoring the ice thickness is challenging due to (i) the remote location of polar regions, and (ii) the difficulty of satellites signals to penetrate through the sea ice. In the Arctic, Upward Looking Sonar and satellite data (Rothrock et al., 2008; Kwok and Rothrock, 2009 ) as well as ice mass balance buoys data (RichterMenge et al., 2006 ) revealed a substantial thinning of the ice pack during the previous decades, consistent with the better documented area decrease (e.g., Cavalieri et al., 2003; Cavalieri and Parkinson, 2012) . In the Southern Ocean, the compilation of Worby et al. (2008) contains about 14,000 visual ship-based estimates of sea ice thickness around Antarctica. Unfortunately, this dataset is characterized by large spatio-temporal gaps (Worby et al., 2008) . Other initiatives exist from ice chart data (DeLiberty et al., 2011) and satellite campaigns (Zwally et al., 2008; Yi et al., 2011; Kurtz and Markus, 2012) , but they are often limited to a portion of the Southern Ocean and/or for a limited duration. All together, these highly valuable observations can thus provide, in some regions, estimates of the seasonal variations in Antarctic ice thickness. They are not sufficient, however, to provide a long-term view on global and regional changes in Antarctic ice thickness.
Modelling tools are in this respect informative surrogates to observations. Atmosphere-ocean general circulation models (AOGCMs) give, among others, gridded and continuous information about sea ice concentration and thickness. Still, a recurrent shortcoming of these models is their difficulty to reproduce the statistical properties of the interannual variability of the Southern Hemisphere sea ice cover. For instance, these models tend to simulate negative trends and to overestimate the variance of the sea ice extent (Arzel et al., 2006; Connolley and Bracegirdle, 2007; Holland and Raphael, 2006; Zunz et al., 2012) . As a consequence, the confidence is low in the global sea ice thickness and volume decadal reconstructions provided by AOGCMs. Prescribing the atmospheric forcing can partly correct the models biases. Fichefet et al. (2003a,b) and Zhang (2007) proposed multi-decadal reconstructions of the global Antarctic sea ice volume using ocean-sea ice models forced by atmospheric reanalyses. Still, the reliability of these sea ice reconstructions is heavily dependent on the atmospheric forcing which is known to be of questionable quality in the Southern Ocean Massonnet et al., 2011) .
In the present work, we propose to follow a hybrid approach, i.e. data assimilation, in order to investigate the large-scale changes in Antarctic sea ice thickness and volume over the past three decades. Loosely speaking, data assimilation aims at combining model forecasts (here obtained from the ocean-sea ice model NEMO-LIM2) with observations (here, passive microwave observations of sea ice concentration) in some consistent manner (here, prescribed following the ensemble Kalman filter theory) as to produce an optimal analysis state. The description of the methods is given in Section 2. Then, we consider the run with data assimilation and show how the ensemble Kalman filter acts on the major biases of the run without data assimilation (Section 3). We present and discuss our reconstruction of spatial changes in ice thickness and volume in Section 4, before the conclusions (Section 5). For the sake of consistency, we present as supplementary material our reconstruction of the Arctic sea ice thickness and volume changes over 1980-2008. This reconstruction is consistent with another reanalysis (Schweiger et al., 2011) but is not discussed in this paper, whose attempt is to provide a first and novel view on Antarctic sea ice thickness changes during the previous decades using data assimilation.
Methods
NEMO-LIM2 is a global ocean-sea ice model well suited for climate studies. In the present case, it is forced by atmospheric reanalyses and various climatologies. In addition, an ensemble Kalman filter (EnKF) scheme is implemented in the standard model configuration and observations of sea ice concentration are assimilated.
Ocean-sea ice model and atmospheric forcing
The two main building blocks of NEMO-LIM2 are the global oceanic general circulation model (OGCM) OPA9 Océan PArallélisé, version 9: Madec, 2008 and the sea ice model LIM2 Louvain-laNeuve sea Ice Model, version 2: (Fichefet and Morales Maqueda, 1997; Timmerman et al., 2005) .
OPA is a finite difference, hydrostatic, primitive equation global OGCM adapted to large-scale simulations. The model equations are solved on the ORCA2 tripolar grid ($2°, with mesh refinement near the equator and at the poles) in its 31 vertical level configuration. A leapfrog scheme is used for time stepping. Surface boundary layer mixing and interior vertical mixing are parameterized according to a turbulent kinetic energy closure scheme. The bottom boundary layer parameterization is based on Beckmann and Döscher (1997) . An exhaustive description of OPA can be found in Madec (2008) .
LIM2 is a dynamic-thermodynamic sea ice model. Semtner (1976) 3-layer (2 of ice and 1 of snow) formulation is used to compute the vertical profile of temperature within the snow-ice pack. LIM2 includes parameterizations of lateral melting and heat storage by brine pockets. The model does not explictly resolve the ice thickness distribution but assumes a uniform distribution of ice thickness between zero and twice its mean value in each grid cell. When the load of snow on top of sea ice is large enough to depress the snow-ice interface below sea level, the model simulates the formation of snow ice. Ice dynamics are treated by considering sea ice as a two-dimensional viscous-plastic continuum (Hibler, 1979) , and the momentum equations are solved on a B-grid. See Fichefet and Morales Maqueda (1997) or Timmerman et al. (2005) for additional information about the sea ice model.
The ice and ocean components (together referred to as NEMO-LIM2 from now) are coupled following the formulation of Goosse and Fichefet (1999) . NEMO-LIM2 is forced by daily near-surface air temperatures and u; v-wind speeds from the NCEP/NCAR reanalysis project (Kalnay et al., 1996) , as well as monthly climatologies of relative humidity (Trenberth et al., 1989) , total cloudiness (Berliand and Strokina, 1980) and precipitation (Xie and Arkin, 1997) . We follow the empirical parameterizations described in Goosse (1997) to prescribe the atmosphere-sea ice turbulent and radiative heat fluxes. River runoff rates are prescribed from the climatological dataset of Baumgartner and Reichel (1976) combined with a mean seasonal cycle derived from the Global Runoff Data Centre data (GRDC, 2000) . A weak (time scale of 1 year) restoring term is added in the surface freshwater budget equations to prevent the model from drifting away from its climatology. The ocean time step is 5760 s ¼ 1=15 day and the sea ice model is called every 5 ocean time steps.
Ensemble Kalman filter and data assimilation
All data assimilation techniques follow one common objective: to provide an optimal statistical estimate, or ''analysis'', of a system. Nonetheless, many different possible implementations exist to achieve this objective. Current data assimilation methods in sea ice models include nudging (Lindsay and Zhang, 2006; Tietsche et al., 2012) , optimal interpolation techniques (Zhang et al., 2003; Dulière and Fichefet, 2007; Stark et al., 2008) , and ensemble Kalman filtering (Lisaeter et al., 2003 (Lisaeter et al., , 2007 Mathiot et al., 2012) . Two salient and advantageous characteristics of the ensemble Kalman filter (EnKF) are its intrinsic multivariate nature and its appropriateness for nonlinear models. Multivariate data assimilation means that all elements of the state vector are subject to analysis; thus the assimilation of only one variable (e.g., sea ice concentration) also impacts non assimilated variables (e.g., sea ice thickness). On the other hand, the EnKF is particularly well suited for strongly nonlinear models (e.g., sea ice models) because the model error covariance matrix is derived from multiple ensemble forecasts (thus preserving the nonlinear nature of the model) and not defined a priori (Evensen, 2003; Lisaeter et al., 2007) . Still, the EnKF relies on several hypotheses, including the gaussianity of the model forecast and observation covariance matrices, that are obviously not met in the particular case of sea ice. For example, sea ice concentration is bounded by 0 and 1, and these two extreme values are the most common modes of the distribution.
The way the EnKF is implemented in the ocean-sea ice NEMO-LIM2 is fully described in Mathiot et al. (2012) . In short, the assimilation works in a two-step sequence: forecast and analysis. First, an ensemble of 25 members is run forward in time until observations are available (here, sea ice concentration, see next paragraph). A gaussian perturbation in the wind forcing field guarantees that the 25 members sample a reasonable portion of the model uncertainty space. Second, model error statistics are derived from this 25-member sample. Together with observational errors statistics, they are used to weight the model and observational estimates of the system state. At this analysis step, observations are treated as random variables in order to maintain a sufficiently large variance in the updated ensemble (Burgers et al., 1998) . Because of the limited size of our ensemble, spurious correlations may exist between distant and non-physically related variables. Our version of the EnKF therefore includes a localized analysis (Sakov and Bertino, 2010 ) that simply ignores those undesired correlations when the distance between two variables exceeds 800 km. The ocean-sea ice state vector consists in all prognostic variables of the ocean and sea ice model, except for sea ice temperature and heat content that are simply forecasted from one time step to the next (Mathiot et al., 2012) . Note finally that, by definition, the update of non-assimilated variables (e.g., sea surface salinity) is based on their statistical relationships with assimilated variables (sea ice concentration). Therefore, the ocean-sea ice system is not necessarily conserving oceanic salt. Still, a weak restoring to climatological sea surface salinity is prescribed, see Section 2.1.
We assimilate the latest version of the global reprocessed sea ice concentration data from the European Meteorological Satellite Agency (EUMETSAT) Ocean and Sea Ice Satellite Application Facility (OSISAF) (Eastwood et al., 2011) . Sea ice concentration is not directly observed from space. Measurements of brightness temperatures (here obtained from the Scanning Multichannel Microwave Radiometer and Special Sensor Microwave/Imager instruments) are used along with an appropriate algorithm (here, a combination of the Bootstrap and Bristol algorithms) to provide estimates of the sea ice concentration. The final product is provided on a 12.5 km resolution grid at an almost daily frequency from November 1978 to October 2009, and then spatially interpolated with a bilinear scheme on the model grid. Time-varying uncertainties on the ice concentration at each grid cell are provided, making the OSISAF product a unique dataset for assimilation purposes.
Experimental setup
The run ''ASSIM'' is defined as follows. NEMO-LIM2 is initialized in January 1960 with the ocean temperature and salinity fields of Levitus (1998) . A uniform sea ice (snow) thickness of 1 m (0.1 m) is prescribed wherever the sea surface temperature lies below 0°C in the Southern Hemisphere, and the ice concentration is set to 90% at these locations. Sea ice temperature is initially set at the seawater freezing point. The assimilation is active whenever observations of sea ice concentration are available, i.e. from November 1978 onwards. The first 14 months of the data assimilation are excluded from the analysis as to let the ocean-sea ice system adjust to the constraints imposed by the EnKF. We therefore focus here on the 1980-2008 time period for our analyses.
For ASSIM, the mean of all analyzed 25 members is presented and is considered as representative of the ensemble. This will be the run used for the reconstruction of sea ice thickness and volume. Another run is also presented: ''FREE''. As the name suggests, we turned off the assimilation procedure in this run (one run is conducted without wind perturbation).
Effect of assimilation on model biases
We show in this section that the run with data assimilation of sea ice concentration (ASSIM) displays a much better seasonality and interannual variability than FREE in the Southern Hemisphere. This demonstrates the efficiency of the EnKF inclusion in NEMO-LIM2. Additionally, due to the multivariate nature of the filter, the biases in sea ice thickness (and as a consequence sea ice volume) are also partly corrected in ASSIM with respect to FREE. This provides a good basis for addressing the interannual changes in Antarctic sea ice volume and thickness using ASSIM.
Sea ice concentration and extent
Before discussing the interannual variability of ASSIM, we propose to examine the characteristics of this run for the seasonal means. This provides views on how the assimilation acts on the mean-state related biases of FREE. Hereafter, we use the (Cavalieri et al., 1996) dataset of sea ice concentration to assess the skill of ASSIM and FREE in the Southern Ocean. This dataset is different from that used for the assimilation (Eastwood et al., 2011) . Both products are not fully independent since they emanate from the same satellite sensors. However, the algorithms used for deriving sea ice concentration are different. The former uses the NASA-team algorithm and the latter a combination of the Bristol and Bootstrap algorithms. In addition, we do not interpolate the Cavalieri et al. sea ice concentration data on the model grid but use the original grid of the product.
Year-around, ASSIM (red lines on Fig. 1 ) displays a much better agreement with observations (black) than FREE (blue). The mean sea ice extent lies, with a few exceptions, always in the AE2r envelope around observations for every chosen sub-region of the domain. Without data assimilation (FREE), NEMO-LIM2 tends to simulate too extensive a sea ice cover in winter because of the overestimation in the eastern sectors (Indian Ocean and Pacific Ocean). These biases are corrected in ASSIM. In summer, FREE features a reasonably correct sea ice extent, although it displays icefree conditions in the Pacific Ocean area. Again, the summer mean sea ice extent conditions are better represented with ASSIM. Regarding the mean sea ice extent, the results depicted in Fig. 1 confirm that the EnKF is an efficient tool for correcting the FREE biases due to the ocean-sea ice model itself (Timmerman et al., , 2005 or to the presence of biases in the NCEP/NCAR atmospheric forcing (Bromwich et al., 2007; Vancoppenolle et al., 2011) .
On interannual time scales, ASSIM also outperforms FREE (Table 1A and B; Fig. 2(a)-(c) ). In its FREE configuration, NEMO-LIM2 fails at reproducing the significant downward trend in sea ice extent observed in the Amundsen-Bellingshausen Seas over the previous decades. FREE also yields a negative trend in sea ice concentration and extent in the Weddell Sea sector, while remote sensed observations report a slight increase in this area. After assimilation of sea ice concentration (ASSIM), these shortcomings are largely suppressed. Visual comparison between panels a and c of Fig. 2 suggests a much better agreement than between panels a and b. This is confirmed by the correlation coefficients (Table 1B) scores that are systematically higher for ASSIM.
The statistics of Table 1 reflect why it is important to break down the analysis of the Southern Ocean sea ice in sectors. Just as the observed trends in sea ice concentration/extent exhibit opposite signs around the Antarctic continent Comiso and Nishio, 2008) , the FREE and ASSIM performance (i.e., agreement with observations) varies greatly from one sector to another. Furthermore, the overall performance in the Southern Ocean is not a simple average of the performance at regional levels. For instance, the correlations between observed and modeled anomalies in hemispheric sea ice extent are lower than in each of the five sub-regions. Note that all these results are similar if sea ice area (not shown here) is used instead of sea ice extent.
Sea ice thickness
By definition of multivariate data assimilation, any variable of the state vector is updated as long as it covariates with the assimilated variable(s). In previous works, Lisaeter et al. (2003) , Lindsay and Zhang (2006) , Stark et al. (2008) and Mathiot et al. (2012) showed indeed that in the Arctic, the assimilation of one or two key sea ice variables (concentration and/or drift) leads to improvements of the simulated sea ice thickness. This very valuable property is still at the heart of ongoing reanalyses of the total Arctic sea ice volume (e.g., Schweiger et al., 2011) .
In agreement with these results derived for the Arctic, the assimilation of ice concentration has positive impacts on the Southern Ocean ice thickness as well (Table 1C) . The numbers are obtained by averaging, over all months between 1980 and 2008 and all grid cells falling in the corresponding sectors, the absolute difference (''bias'') between (1) the available ASPeCt (Worby et al., 2008) sea ice thickness estimates interpolated on the model grid and (2) the model sea ice thickness at the corresponding locations. Another metric could have been to compare the mean sea ice thickness from the ASPeCt dataset over the sectors with the average modeled thickness (as in, e.g., Timmerman et al., 2004) , but this would then have possibly hidden a compensation of errors. In this sense, our metric is more restrictive but also more subject to observational errors. Note that a more commonly used but less physical metric, the Root Mean Squared Error, gives similar results (not shown here).
After assimilation, the biases on sea ice thickness are reduced by $20% on average, with the greatest corrections in the Amundsen-Bellingshausen Seas. Note that this is precisely where NEMO-LIM2, in its FREE configuration, shows trends in sea ice extent and concentration with the wrong sign compared to observations ( Fig. 2(b) and Table 1A ). Still, ASSIM does not fully eliminate the thickness biases of FREE (Table 1C) . We put forward three possible reasons:
The analysis given by the EnKF is a linear combination of observational and model states but accounts for their respective error covariance matrices. It is therefore impossible to fully remove the FREE biases as long as assimilated observations -here, sea ice concentrations -are subject to uncertainties (and this is well the case). in various sectors (insets) of the Southern Ocean (Weddell Sea, Indian Ocean, Pacific Ocean, Ross Sea, AmundsenBellingshausen Seas) and the whole Southern Ocean, from observations (black), free run (blue) and assimilated run (red). Sea ice extent is defined as the total area of oceanic grid cells comprising at least 15% of ice. Note the different y-axis scale for the lower right panel. The grey shaded areas are the AE2r envelopes of the observed monthly sea ice extent anomalies over the corresponding period from observations (Cavalieri et al., 1996) . (For interpretation of the references to color in this figure legend, the reader is referred to the web version of this article.) Table 1 A. 1980-2008 trends of monthly anomalies of sea ice extent in different sectors of the Southern Ocean (the same as those of Fig. 1 ). For observations (Cavalieri et al., 1996) , the AE2r estimate on the trend is also provided. The modeled trends are in bold when they lie in the confidence interval of the observations. B. Correlations between observed and simulated 1980-2008 monthly anomalies of sea ice extent in the corresponding sectors. C. Mean absolute difference of sea ice thickness with respect to the ASPeCt (Worby et al., 2008) Sea ice thickness is not the assimilated variable and is therefore updated based only on its relationship to concentration in the model. The ASPeCt dataset itself contains errors (Worby et al., 2008) . Even under a ''perfect'' model setup, the metrics of Table 1C would not go to zero.
We argue however that the improvements reported in Fig. 2 and Table 1 form a fair basis to propose a reconstruction of the Antarctic sea ice volume and thickness with ASSIM.
Changes in Antarctic sea ice thickness and volume
In this section, we give two views on the sea ice thickness and volume changes in the Southern Ocean. Spatial trends in sea ice thickness, on the one hand, provide a global view on sea ice thickness changes since 1980 and suggest that ice thickness and concentration are well coupled on time scales beyond the season. On the other hand, time series of monthly anomalies of sea ice volume in the various sectors of the Southern Ocean allow to diagnose variability on a wide range of frequencies. For the whole Southern Ocean, a statistically significant increase in sea ice volume is found.
Spatial trends: thickness
The 1980-2008 trends in sea ice thickness from ASSIM are shown in Fig. 2(d) . The regions of statistical significance of these trends are enclosed by the black line contours. A strong dipole signal is visible: thinning in the Amundsen-Bellingshausen Seas, thickening in the Ross Sea. A visual comparison with the trends in concentration (Fig. 2(c)) indicates that, at least in these two sectors, changes in sea ice concentration and thickness are coupled. A strong thickening is diagnosed in the Weddell Sea but is not statistically significant as the interannual variability of ice thickness is very large in this sector. The opposite trends in sea ice thickness in the Amundsen-Bellingshausen and Ross Seas are the result of thermodynamic and/or dynamic processes. We review in the next paragraph the possible role of atmospheric forcing on these changes.
The dipolar structure of the trends in sea ice thickness (Fig. 2(d) ) can be interpreted in light of the Southern Annular Mode (SAM) and El Niño-Southern Oscillation (ENSO) variability. The SAM (e.g., Carleton, 2003 ) is a dominant feature of the atmospheric variability in the extratropical Southern Hemisphere. It is classically invoked to interpret the recently observed non-annular changes in sea ice concentration in the Southern Ocean (Lefebvre et al., 2004; Liu et al., 2004; Thompson and Solomon, 2002 ). Yet, it explains only a limited fraction of the internal variability of sea ice (Lefebvre and Goosse, 2005) . When SAM 1 shifts towards its positive polarity, as is the case since 1979, the westerlies tend to strengthen. The consequences are (1) an increased wind-induced ice transport equatorwards, and (2) an overall cooling over the Antarctic continent due to increased isolation, with notable exceptions around the Antarctic Peninsula (Thompson and Solomon, 2002) and in Central West Antarctica (Bromwich et al., 2012) . In fact, an anomalous low pressure system develops over the Amundsen-Bellingshausen Seas during high-index SAM years (Lefebvre and Goosse, 2005 and their Fig. 1 ) deflecting the westerlies southeastwards in the Amundsen-Bellingshausen Seas and around the Antarctic Peninsula.
The advection of warm air may have produced a thermodynamic thinning of the ice (Fig. 2(d) ). In the Ross Sea, increased sea ice transport may have caused an increased horizontal divergence of the sea ice pack, favouring the creation of new ice and exporting it equatorwards. Combined with enhanced southerly cold winds in this sector (Holland and Kwok, 2012) , the net result is a thickening of the sea ice pack offshore in this sector ( Fig. 2(d) ). A slight shift of ENSO towards its negative phase provides qualititatively similar regional changes in the sea ice cover (Liu et al., 2004) . Like SAM, the trends explained by ENSO variability are however much smaller than observed trends. Sea ice thickness trends in the Weddell Sea sector peak up to 10-15 cm/decade, but are rarely significant. Sea ice in this region is known to be thicker than in the rest of the Southern Ocean (Worby et al., 2008) , implying that it is also likely to exhibit larger interannual fluctuations than anywhere else. Close to the ice edge, small but significant thinning (thickening) is found in the western (eastern) part of the Weddell Sea sector, and may be a simple consequence of the ice edge retreat (advance) evidenced by Stammerjohn et al. (2012) . The ultimate reason for these changes in ice edge location possibly lies in the changes in winds and the associated changes in ice transport. Since the 1990s, winds in the western Weddell Sea sector have blown northwards with less intensity (Holland and Kwok, 2012) , hampering and slowering the usual ice export northwards. On the other hand, enhanced southerly winds in the eastern Weddell Sea sector increased ice export with direct impacts on the ice edge location. In the Pacific and Indian Ocean sectors, the distribution of sea ice thickness trends is more patchy with many small regions of positive and negative trends. On the sector scale, these contributions cancel out so that the net changes in ice volume are not statistically different from zero (see next section). Holland and Kwok (2012) argue that thermodynamical processes are the primary cause for ice concentration changes in eastern Antarctic sea ice. In view of the presence of positive and negative trends in surface air temperature in this region (Shu et al., 2012) , the same thermodynamical processes can explain the locally positive and negative ice thickness trends in both Pacific and Indian Ocean sectors. (Fig. 3 and Table 2 ). As for the trend in sea ice extent, this increase results from positive (e.g., Ross Sea, significant increase) and negative (Amundsen-Bellingshausen Seas, not significant decrease) contributions. The changes in sea ice volume of the whole Southern Ocean sea ice volume are primarily driven by the changes in the Weddell Sea (correlation of anomalies in this sector with overall anomalies: 0.87) and, to a lesser extent, by the changes in the Ross Sea (correlation: 0.52) and Pacific Ocean (0.50) sectors.
Integrated anomalies: volume
The trends in sea ice volume (Table 2) are consistent with the spatial trends in sea ice thickness displayed in Fig. 2(d) . The time series of sea ice volume anomalies provide, however, an additional information about the nature of the signal. The time series exhibit strong variability from interannual to decadal time scales in all sectors (Fig. 3) . The sea ice itself has a very limited memory in the Southern Ocean, because it is mostly seasonal with exceptions in some portions of the Weddell Sea. Our results underline therefore that long-term fluctuations in the sea ice volume are mainly caused by the atmosphere and ocean variability. Such fluctuations in ice thickness and volume have also been identified in previous model-only studies (Zhang, 2007; Fichefet et al., 2003a) . They may be due to a response to the forcing and in particular to ozone changes (e.g., Turner et al., 2009; Bitz and Polvani, 2012) , to remote changes in the tropical Pacific (e.g., Ding et al., 2011 Ding et al., , 2012 , to the presence of an Antarctic Circumpolar Coastal wave (Beckmann and Timmermann, 2001) or a consequence of modifications in the stratification in the ocean (Zhang, 2007; Goosse et al., 2009) .
Anomalies in sea ice volume co-vary well with anomalies in sea ice extent. In the Weddell Sea, Indian Ocean, Pacific Ocean, Ross Sea and Amundsen-Bellingshausen Seas sectors, the correlations amount to 0.66, 0.71, 0.73, 0.66 and 0.68 respectively. The overall Antarctic sea ice extent and volume anomalies correlate at 0.55 (lower than all five previously listed correlations). This is again a hint that the analysis should first be carried out sector per sector.
Conclusions and summary
We present in this work a multi-decadal reconstruction of the Antarctic thickness and volume sea ice changes (Figs. 2(d) and 3 and Table 2 ). A (multivariate) ensemble Kalman filter scheme is used to assimilate real sea ice concentration data into the stateof-the art ocean-sea ice model NEMO-LIM2. Compared to modelonly studies (e.g., Fichefet et al., 2003a; Zhang, 2007) , this approach has the advantage to account for the model and atmospheric forcing biases (Section 3). Compared to observational-only studies (e.g., Worby et al., 2008; DeLiberty et al., 2011; Yi et al., 2011) , it has the advantage to provide a global, multi-decadal and regularly sampled spatio-temporal thickness field (Fig. 2(d) ).
Our results suggest (1) that sea ice volume and thickness covary well with extent and concentration at the multi-decadal time scale in the Southern Ocean (compare for example Fig. 2(c) with (d)). (2) Sea ice volume displays marked fluctuations up to the decadal time scale, similarly to previous studies using no data assimilation (Fichefet et al., 2003b; Zhang, 2007) . (3) An overall statistically significant increase in Antarctic sea ice volume is found (355 AE 338 km 3 /decade), but (4) we insist on the need to break down regionally the analysis of Antarctic sea ice variability in order to make its understanding easier. Locally, sea ice thickness trends can amount to 10-15 cm/decade in the Ross Sea and Weddell Sea sectors, and to À10 cm/decade in the Amundsen-Bellingshausen Seas. The variations of sea ice volume in the Weddell Sea Sector (where the ice is also the thickest) explain a reasonable part of the total Antarctic sea ice volume changes but the contributions from other sectors cannot be neglected.
To the best of our knowledge, this is the first time that a reconstruction of the Antarctic sea ice volume and thickness changes over the past few decades is presented using data assimilation. We are aware of several shortcomings regarding the experimental setup, for example the questionable quality of the NCEP/NCAR reanalyses used to force the model and the absence of proper correction on the freshwater budget after the assimilation time step. Future work will be devoted to tackle these weaknesses, as well as to implement the assimilation scheme in the more sophisticated ocean-sea ice model NEMO-LIM3 (Vancoppenolle et al., 2009) . Compared to the model used in this study, NEMO-LIM3 simulates explicitly the vertical profile of salinity, resolves the distribution of ice thickness into 5 ice categories and ice dynamics is treated with elastic viscous-plastic rheology. The assimilation of other potentially important variables, including sea surface temperature and sea ice drift, will also be considered. We view the present study as a very first attempt to reconstruct the sea ice thickness and volume variations in the Southern Hemisphere using data assimilation. Nonetheless, our reconstruction may be a valuable and possible useful source of information for polar climate scientists, because of the demonstrated positive impacts of the data assimilation system on the simulated global sea ice cover. Note that the full reconstruction is freely available upon request to the authors. 
